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A B S T R A C T   

The Climate Change Initiative (CCI) program of the European Space Agency (ESA) (ESA-CCI) provides a global 
surface Soil Moisture (SM) product by merging the information from various Active and Passive sensors on board 
for the period of 1971–2014. This study aims to assimilate this surface SM product into a recently developed 
model, namely Statistical Soil Moisture Profile (SSMP) model, to investigate the efficacy of this combination in 
developing a vertical soil moisture profile database over a climatologically vast area, such as Indian mainland. 
The SSMP model is a spatially varying statistical framework that couples the memory and forcing of SM from the 
overlying layers and utilizes the information of Hydrologic Soil Groups (HSGs) that makes it spatially trans-
ferable. The model estimates SM at four depths i.e. 10, 20, 51 and 102 cm using the surface SM information 
(~0–5 cm). The developed database is named as ‘ESA-CCI Driven Vertical Soil Moisture Profile (root zone) 
Database (EDVSMPD)’ and the simulated values are validated with observed SM data at many monitoring sta-
tions across India, maintained by India Meteorological Department (IMD). As an exemplary demonstration of the 
utility of the data, basin scale reconstruction of the historical agricultural droughts and its spatial distribution, 
using the developed EDVSMPD product, is illustrated for a medium sized drought-stricken river basin, namely 
Wardha, in the central part of India. The resulting SM product for a considerable length of period (more than 30 
years) will be immensely useful for many hydro-climatological studies.   

1. Introduction 

The Soil Moisture (SM) studies over the Indian region emphasized on 
the feedback and coupling between SM and monsoon rainfall and their 
effects on seasonal and interannual variability using numerical simula-
tions (Douville et al., 2001; Koster et al., 2004; Lodh et al., 2013). The 
pre-monsoon SM condition influences the monsoon onset and precipi-
tation (Asharaf et al., 2012) as well as persistence of SM anomalies 
influencing the atmospheric circulation (Shukla and Mintz, 1982). 
Regional climate model simulations showed that SM memory lengths 
increase with soil depth and considerable geographical variability exist 
during monsoon (Asharaf and Ahrens, 2013). Another study by Singh 
et al. (2019), showed the geographical variations during monsoon using 
Indian Remote Sensing satellite data to study the spatial and temporal 
variations of monthly SM. The soil moisture drought variability in a 

changing climate in India was investigated by Mishra et al., (2014), 
using VIC model simulated soil moisture. The reanalysis products from 
MERRA, ERA-Interim and the NCEP – CFSR were assessed in the context 
of monsoon season droughts over the Indian region by Shah and Mishra, 
(2014). Hence, consistent multi-layer SM variability information over 
the Indian subcontinent is essential to better understanding of the sur-
face atmosphere interaction in relation to the monsoon, agricultural 
drought monitoring studies and different numerical modeling applica-
tions. Indian economy is primarily based on rainfed agriculture depen-
dent on soil type and available soil moisture. Moreover, 16% of India’s 
geographic area, mostly arid, semiarid, and subhumid, is prone to 
drought which experiences it recurrently with different intensities. 
Among the different types of droughts, agricultural drought has the 
more direct and immediate socio-economic impact (Mishra and Singh, 
2010) since it directly influences the crop yield and, hence, agricultural 
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production (Panu and Sharma, 2002). This drought is mainly caused by 
soil moisture deficits and can be assessed more accurately by drought 
indices based on soil moisture information (Mukherjee et al., 2018). 
However, the scarcity in global consistent and long-term time-series of 
reliable soil moisture data required to derive the drought indices, has 
prevented their operational use till date (Sheffield et al., 2004). 

The availability of quality SM data at large scale and fine resolution 
is sparse over the Indian region till date, despite the access of several 
global SM data products based on satellite observations, reanalysis, land 
data assimilation, etc. at hand (Sathyanadh et al., 2017). Nayak et al., 
(2018), created a high-resolution (4 km and 3 hourly) SM product for 
2001–2014 during Indian monsoon seasons using a Land Data Assimi-
lation System (LDAS). The dataset was able to capture the inter-annual, 
intraseasonal, and diurnal variations under different monsoon condi-
tions and enhanced the simulations of heavy rain events over Indian 
Monsoon Region when used to initialize the mesoscale model. In another 
study, Singh et al., (2019) investigated the spatio-temporal variability of 
SM over a significantly large area (~500 km2) in a tropical basin in 
India. Eighty three SM monitoring locations were selected having 56 
days of observed records to identify the optimal sampling design for 
regional scale soil moisture assessment. However, the requirement of 
monitoring stations for continental scale assessment will be very high for 
the entire Indian mainland. 

Most of the aforementioned studies deal with the surface SM only 
(~0–10 cm). However, an assessment of soil moisture variation below the 
surface layer, at least up to root zone depth, is important in agricultural 
and irrigation management practices, especially in semiarid and arid re-
gions, because of its impact on the production and health status of crops 
and salinization (Vereecken et al., 2008). Besides the SM profile infor-
mation has many important applications in many fields of studies such as 
estimating evaporation and evapotranspiration (Wang et al.,2013; Brown 
et al., 2014); flood forecasting; (Nied et al., 2014; Salathé et al., 2014); 
forecasting water supply in groundwater systems (Barnett et al., 2005); 
estimation of denudation processes including landslides (Ekinci et al., 
2013); modeling ecosystem functions (Tague et al., 2009) along with 
different climatological studies as discussed above. 

The SM for the unsaturated zone can be obtained from National 
Center for Environmental Prediction (NCEP) Climate Forecast System 
Reanalysis (CFSR) (Saha et al. 2010), Modern-Era Retrospective Anal-
ysis for Research and Applications (MERRA), European Center for Me-
dium Range Weather Forecasting (ECMWF) Reanalysis-Interim (ERA-I) 
(Saha et al. 2010; Dee et al. 2011) and it is observed that all reanalysis 
data captured the seasonal cycle for each water content component 
(Shrivastava et al., 2016). More recent studies investigated the effects of 
physical controls on the spatial variability of soil moisture, and devel-
oped hydrological connectivity that is important for land surface model 
for better assessment of spatial variations of soil moisture (Kim and 
Mohanty, 2017). However, these models and data products are highly 
dependent on their forcing parameters and the non-linear model phys-
ics. It is also observed that the comparison of different reanalysis data-
sets to evaluate their accuracies (Loew et al. 2013) showed significant 
differences in the climatology over the Indian region of evaporation and 
soil moisture field. 

The association between SM values at different soil layers and the 
stochastic features of SM dynamics were also studied by cross- 
correlation method and Vector Auto Regression (VAR) method (Kim 
and Kim 2007; Kim 2009; Kim et al. 2011; Mahmood et al. 2012). Later, 
vertical SM profile information was obtained from the surface SM in-
formation through coupling its memory (temporal persistence) and 
forcing (input from overlying layers) by using the Auto-Regressive 
model with exogenous (ARX) input (Pal et al., 2016). However, the 
above mentioned studies did not investigate the spatial transferability of 
the proposed approaches. Another study by Pal and Maity, (2020), 
developed a spatially varying Statistical Soil Moisture Profile (SSMP) 
model by coupling the memory and forcing based on the Box-Jenkins 
approach as shown in Pal et al., (2016) to estimate the vertical SM 

profile from the surface SM information. The study developed the 
spatially varying SSMP model for four Hydrological Soil Groups (HSGs) 
to impart spatial transferability. The HSG-specific SSMP model explores 
the spatial transferability as it demonstrates the effects of the physical 
controls, viz. soil texture, hydraulic conductivity, runoff and infiltration. 
However, this SSMP model coupling the SM information at different 
layers requires the accurate large scale surface SM estimation to obtain a 
reliable estimation of vertical SM profile. Characterization of distribu-
tion and quantity of surface SM at a local and global scale by microwave 
active and passive remote sensing, influenced by the dielectric proper-
ties of the soil, is a potential alternative for expensive in situ monitoring 
networks to obtain the surface SM estimation. Recently, the European 
Space Agency Climate Change Initiative (ESA-CCI) program developed a 
combined remotely sensed global data set of surface SM product, 
retrieved from passive and active microwave sensors on board various 
satellites (Liu et al., 2012; Wagner et al., 2012, http://www.esa-soilmois 
ture-cci.org). However, the resulting combined SM product represents 
approximately the top few millimeters to centimeters of the soil, 
depending on frequency used (Kuria et al., 2007). Hence, the availability 
of this large scale satellite based surface SM product and spatially 
transferable stochastic model to couple the SM at different depths, in-
dicates a potential benefit of assimilating the microwave-based surface 
SM information into the statistical framework of SSMP model to obtain 
large-scale fine resolution spatially varying vertical SM profile database. 
This is the overall objective of this study. Specifically, the objective in-
cludes a thorough investigation of the efficiency of assimilating the ESA- 
CCI surface SM product into the HSG-specific SSMP model to prepare a 
spatially varying vertical SM profile database across the entire Indian 
mainland. The data product is named as ‘ESA-CCI Driven Vertical Soil 
Moisture Profile (root zone) Database’, which is abbreviated as 
‘EDVSMPD’. The database is validated with respect to observed records 
of soil moisture at various stations across India, maintained by India 
Meteorological Department (IMD). Finally, the usefulness of the 
outcome of the study, i.e. the vertical SM profile database (EDVSMPD), 
for different hydrological, agricultural and climatological studies is also 
outlined. As an example, an analysis pertaining to reconstruction of the 
historical agricultural droughts using the developed EDVSMPD product 
is illustrated for a medium sized river basin, namely Wardha, in the 
drought-stricken central part of India. 

2. Data used 

The ESA released the first multi-decadal, satellite-observed SM 
dataset as a part of its CCI program in 2012 for global scale (Liu et al., 
2012; Wagner et al., 2012, http://www.esa-soilmoisture-cci.org). This 
product, named ESA-CCI SM, combines the SM retrievals from four 
passive and two active coarse resolution microwave sensors into a global 
data set in a synergistic way. The four passive sensors are namely 
Nimbus 7 Scanning Multi-channel Microwave Radiometer (SMMR), 
Special Sensor Microwave Imagers (SSM/I) of the Defense Meteorolog-
ical Satellite Program (DMSP), Tropical Rainfall Measuring Mission 
(TRMM) Microwave Imager (TMI), and Advanced Microwave Scanning 
Radiometer-Earth Observing System (AMSR-E); and the two active 
sensors are European Remote Sensing Satellites (ERS) 1 and 2 Active 
Microwave Instrument (AMI) wind scatterometer and the Advanced 
SCATterometer (ASCAT) onboard the Meteorological Operational 
Satellite-A (MetOp-A). The ESA-CCI SM combines single-sensor active 
and passive microwave SM products into three harmonized products 
which are a merged ACTIVE, a merged PASSIVE, and a COMBINED 
(active + passive) microwave product. 

The present study uses the SM data from ESA-CCI SM product 
(version 2.2) which covers a period of 1978–2014 as surface SM values 
in terms of volumetric water content (Dorigo et al., 2015). 

Active products are retrieved using the TU Wien Water Retrieval 
Package (WARP) algorithm (Wagner et al., 1999). It is a change detec-
tion approach that retrieves SM as degree of saturation by scaling radar 
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backscatter measurements between the historically lowest (completely 
dry) and highest observed values (saturated), at each grid location. The 
backscatter contribution of vegetation is corrected using the multi- 
antenna multi-incidence angle capability of the ERS and ASCAT scat-
terometers (Vreugdenhil et al., 2016). A threshold-based decision tree 
algorithm is applied to incidence angle normalized backscatter mea-
surements in frozen or freezing/thawing conditions (Naeimi et al., 
2012). Passive products are retrieved using the Land Parameter 
Retrieval Model (LPRM) algorithm (Owe et al., 2008) based on the 
radiative transfer model and applicable to a wide range of frequencies (i. 
e. 1–20 GHz). For C-band and higher frequency sensors, the data is 
filtered using Ka-band based temperature for frozen conditions (Holmes 
et al., 2009). For SMOS L-band retrievals, the filtering is based on the 
Radio Frequency Interference (RFI). 

The ESA CCI SM algorithms merge these pre-processed L2 data, that 
is, gridded active or passive soil moisture products. For the merging, the 
products were rescaled against SM from a land surface modeling product 
(GLDAS-NOAH, Rodell et al., 2004) using Cumulative Distribution 
Function (CDF) matching since the units of the two data sets are 
different, i.e., volumetric soil moisture (m3/m3) and degree of saturation 
(%).These data are resampled to a 0.25◦ regular grid using a hamming- 
window approach and to daily time stamps (00:00 UTC) using a nearest 
neighbour search. Thus spatial resolution of the resulting merged 
product is 0.25◦ × 0.25◦ (latitude × longitude) and represents approx-
imately the top few millimeters to centimeters from surface (Kuria et al., 
2007). This resolution is purely guided by the data from the ESA-CCI 
program. Though the recently available surface soil moisture data 
from Soil Moisture and Ocean Salinity (SMOS, 2010), Soil Moisture 
Active Passive (SMAP, 2015) or Sentinel (2015) have much finer reso-
lution, but are only available for the recent years. On the contrary, the 
temporal coverage of ESA-CCI SM product is from 1978 to 2014, which 
is sufficiently long that is essential for many hydroclimatic studies. 

The grid wise HSG information is collected from Central Ground 
Water Board (CGWB, 2007) which classified the entire India into four 
major HSGs at 0.5◦ × 0.5 resolution spanning between 8◦ to 37.5◦ N and 
68◦ to 97.5◦E as shown in Fig. 1. It can be noticed that the HSG A is 
scattered to various parts across India, whereas HSG B is mainly 
concentrated to Northern India, especially Gangetic basin along with 
maximum parts of North-East India and South India except the coastal 
regions. The coastal regions and some of North-Western India (arid re-
gion) are mainly consisting of HSG C. HSG D is completely concentrated 
in the Middle and Western region of India. The weekly in situ SM data 

from 25 monitoring stations of India Meteorological Department (IMD), 
across different HSGs in India (Fig. 1) during 1991–2006 (available) are 
used for validation of the model estimated SM product. The SM values 
are measured using standard Gravimetric method at the depths of 0, 7.5, 
15, 30, 45 and 60 cm. (IMD, 2009). The data is procured from National 
Data Centre (NDC) of IMD, Pune, India. 

3. Methodology 

This paper attempts to assimilate the satellite based surface SM data 
into the HSG-specific SSMP model to develop a three dimensional ver-
tical SM profile map for India. In brief the methodology of this study 
mainly follows three steps. Firstly, the satellite based surface SM data is 
procured and pre-processed, from ESA-CCI SM product for entire India 
and grid wise HSG information for entire India is collected from CGWB. 
The second step is grid wise identification of HSG across the study area 
and accordingly the application of the SSMP model proposed by Pal and 
Maity (2020). Finally, the model performance is validated with the 
ground data obtained from IMD. The following sections provide a brief 
description of the pre-processing of ESA-CCI SM product and develop-
ment of SSMP model. 

3.1. Missing value treatment 

This section discusses about the missing values observed in the ESA- 
CCI SM product which is used as surface SM values for the study area. 
Treating the missing value is essential in the present study for the appli-
cation of the proposed approach since the number of missing values 
greater than the memory or forcing order present in the time series would 
hinder the model application. The fraction of the missing values to the 
total length of record in each grid of the study area for the complete length 
of time series data is shown in Fig. 3. For each grid, the fraction is 
computed as the ratio of the sum of number of missing values present in 
complete time series length to the length of SM time series data. The range 
of the fraction is estimated to be 0.42 to 1. Hence, it can be said that 
missing values are almost for half of the days of total time series length 
which is a shortcoming of the input dataset. The SM values at missing time 
steps are obtained by interpolation from SM values available at previous 
and succeeding days of those missing steps. The Piecewise Cubic Hermite 
Interpolating Polynomial (PCHIP) interpolation method is used to obtain 
the SM values (Fritsch and Carlson, 1980; Kahaner et al., 1989). However, 
it is understood that the use of interpolation to SM values in daily scale 

Fig. 1. Gridded HSG map of India (left) and the locations of SM monitoring stations (right) maintained by IMD.  
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will certainly lead to erroneous outcome. Hence, while the interpolation is 
a requirement to use the ESA-CCI surface SM data in the proposed SSMP 
model, the study has ignored the missing values at time steps where the 
surface SM values are not available for previous 20 (threshold selected in 
the present study) days, during the development of vertical SM profile 
map over entire India, which is discussed in detail in the following sec-
tions. The threshold length of days is selected such that the length is long 
enough to fill up maximum number of missing values and short enough to 
capture the soil moisture trend provided there is no rainfall within this 
period. However, the interpolated values at time steps where the ESA-CCI 
SM product for surface are available for any steps within previous 20 days, 
the interpolated values are considered in the study. 

3.2. SSMP model development 

The SM at deeper layers have been estimated from the surface SM 
information by coupling the memory and forcing shown in Pal et al., 
(2016) for a point location. However, the scope of spatial transferability 
of the proposed model based on Box-Jenkins approach using an ARX 
model was not investigated. As the next step, Pal and Maity, (2020), 
developed a spatially varying SSMP model to estimate the vertical SM 
profile from surface SM information for four HSGs. The development of 
the spatially varying SSMP model is based on the Box-Jenkins approach 
shown in Pal et al., (2016), by coupling the memory and forcing com-
ponents of SM. The study used observed SM data from five depths i.e. 5, 
10, 20, 51 and 102 cm depths from three SM networks operated by In-
ternational Soil Moisture Network (ISMN) for model development as well 
as for spatial transferability investigation. The incorporation of HSG in-
formation into the proposed SSMP model helps to represent the effects of 

the physical controls viz. soil texture, hydraulic conductivity, runoff and 
infiltration thus enabling the scope of spatial transferability. The spatial 
transferability is investigated by applying the developed SSMP models to 
new locations. It is important to mention that during the spatial valida-
tion, Deviation in Mean (DM) for the surface layer has to be computed 
and the model estimated SM values are DM-corrected to match the 
different SM regimes of the new locations and model developing stations. 
The DM checks the bias of the model by trying to match the mean of the 
surface SM of the model developing stations and the new locations. The 
DM is computed by estimating the mean of the surface SM of all the 
model developing stations of a specific HSG and then subtracting the 
mean SM of surface layer of the target station from it. The unit of DM- 
corrected soil moisture is same as the predicted soil moisture, i.e. m3/m3. 

The model performances during the spatial validation encourage 
the developed SSMP models to be applied in different study area to 
obtain the vertical SM profile estimation. The mathematical description 
of the spatially varying SSMP model is provided in Pal and Maity, 
(2020). However, a brief step-wise description of the model develop-
ment and spatial validation is presented as following. The complete 
methodology is shown in Fig. 2 and HSG-specific SSMP models are 
shown in Table 1.Table 2.  

• Model Development 

Step-1: The observed SM infromation from five depths i.e. 5, 10, 20, 
51 and 102 cm are obtained from Soil Climate Analysis Network 
(SCAN), U.S. Climate Reference Network (USCRN) and SNOwpack-
TELemetry (SNOTEL) networks from the International Soil Moisture 
Network (ISMN) (Dorigo et al. 2011) covering a total of 171 stations 

Fig. 2. Complete methodology showing step-wise development of spatially varying SSMP model.  
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for model development and spatial validation. The available stations 
are categorized into four HSGs from the Web Soil Survey (WSS) (https: 
//websoilsurvey.sc.egov.usda.gov/App/HomePage.htm). 

Step-2: The observed SM data is transformed to Normal distribution 
through non-parametric kernel density approach. The data trans-
formation is the requirement of SSMP model since it is based on the Box- 
Jenkins approach which requires the data to follow Normal distribution. 
Moreover, to focus on the spatial transferability, the data should be 
transformed to a common probability distribution form since the SM 
data at different locations mostly do not follow the same range and 
distribution. The corresponding estimated SM values are obtained by 
back transformation. 

Step-3: The coupling approach is applied to the transformed data 
obtained from the observed data of each model development station of 
all four HSGs for four depth pairs (the adjoining layers) i.e. 5–10 cm, 
10–20 cm, 20–51 cm and 51–102 cm. The coupling approach at a 
location is represented by the following equation, 

SMk(t) =
∑p

i=1
aiSMk(t − i)+

∑q+d− 1

j=d
bjSMk− 1(t − j)+ e(t) (1)  

where, SMk(t) is the transformed standard normal variate of SM at target 
depth k at time step t; SMk(t − i) are the transformed standard normal 

variates of SM at target depth at previous time steps where i = 1, 2, . .,
p;SMk− 1(t − j) are the transformed standard normal variates of SM of the 
overlying layer at previous time steps where,j = 0, 1, . ., q − 1. The 
coefficients and orders of memory and forcing are represented as ai and 
bjand p and q respectively; and e(t) represents the white noise. The 
relative delay between the input SM time series and the output SM time 
series is represented asd which is considered to be zero at daily scale in 
the present study. The complete mathematical description of the esti-
mation of model parameters i.e. the model orders and model coefficients 
are shown in Pal et al., (2016). 

Step-4: As discussed in the last step, for each depth pair of each sta-
tion of all four HSGs, the model at a location is developed and the model 
orders are obtained. The median value of the different model orders 
across the stations obtained in that process is assigned as the model 
order of that particular depth pair of that HSG. The models with the 
assigned model orders are reapplied to all depth-pairs of all the stations 
for a particular HSG. Finally, the mean of the coefficients obtained 
corresponding to each depth pair across the stations of that particular 
HSG is allocated as the specific coefficient for that particular depth pair 
and HSG. The stationarity is checked before finalizing the set of SSMP 
model as averaging the coefficients of different Box-Jenkins models may 
lead to non-stationarity. 

Spatial Validation 
Step-1: The HSGs are identified for the new stations and the observed 

surface SM values are transformed to standard normal variates using 
non-parametric kernel density approach (data transformation) to apply 
SSMP models. 

Step-2: For each HSG, a reference CDF plot applying the kernel dis-
tribution is prepared with the complete data from all model-developing 
stations corresponding to that particular HSG for each deeper layers to 
use in the ungauged stations. 

Step-3: According to the HSG of the new station, the SSMP model is 
applied and the estimated SM values are obtained by back trans-
formation using the reference CDF (for corresponding depth and HSG). 

Step-4: Finally, the back transformed values for the deeper layers of 
the target stations obtained after applying the SSMP models are DM 
corrected by adding the obtained DM. 

Whereas the detail of data collection is already provided, discussion 
of model application and validation is presented along with results in the 
following section. 

4. Results and discussions 

4.1. 3-Dimensional vertical SM profile map for entire Indian mainland 

The HSG-specific SSMP models are developed for four depths 
considering adjoining depths as pairs (5–10, 10–20, 20–51 and 51–102 

Fig. 3. Fraction of missing values at each grid point.  

Table 1 
Details of satellites used in ESA-CCI combined SM program.   

Passive Products Active Products 

SMMR SSM/I TMI AMSR-E Windsat SMOS AMSR2 AMI-WS AMI-WS ASCAT-A ASCAT-B 

Platform Nimbus7 DMSP TRMM Aqua Coriolis SMOS GCOM-W1 ERS1/2 ERS2 MetOp-A MetOp-B 
Time Period Jan 1979- 

Aug 1987 
Sep 
1987-Dec 
2007 

Jan 
1998-Dec 
2013 

Jul 2002- 
Oct 2011 

Oct 2007- 
Jul 2012 

Jan 2010- 
June 
2018 

July 
2012- 
June 2018 

Jul 1991- 
Dec 2006 

May1997- 
Feb 2007 

Jan 2007- 
June 2018 

Nov 2012- 
June 2018 

Channel Used 
[GHz] 

6.6 19.3 10.7 6.9/10.7 6.8/10.7 1.4 6.9/10.6 5.3 5.3 5.3 5.3 

Spatial 
Resolution 
[km2] 

150*150 69*43 59*36 76*44 25*35 40*40 35*62 50*50 25*25 25*25 25*25 

Spatial 
Coverage 

Global Global N37-S37 Global Global Global Global Global Global Global Global 

Swath Width 
[km] 

780 1400 780/897 1445 1025 600 1450 500 500 2*550 2*550 

Unit m3/m3 m3/m3 m3/m3 m3/m3 m3/m3 m3/m3 m3/m3 %sat %sat %sat %sat  
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cm). To apply the spatially varying model to the ESA-CCI surface SM, 
the first step is to identify the HSGs at the desired grid points where the 
ESA-CCI SM product are available. As mentioned before, the HSG in-
formation of entire India is provided by CGWB at 0.5◦ × 0.5◦ resolution 
from 8◦ to 37.5◦ N and 68◦ to 97.5◦E and the ESA-CCI SM product is 
available at 0.25◦ × 0.25◦for global scale. Hence, for the present study, 
the ESA-CCI SM data is obtained for 8.125◦ to 37.875◦ N and 68.125◦ to 
97.875◦E. Since, the HSG and the SM product grid points do not coin-
cide, HSG information at the target grid points where ESA-CCI SM data 
is available is picked out from the HSG map. The identification of the 
HSG information is followed by the application of SSMP models to each 
grid points over entire India according to the HSG of that point for all 
depths and all the days to obtain the SM vertical profile database. 
Finally, the model application ends with the DM-correction of esti-
mated SM to obtain the final SM product for deeper layers as suggested 
by Pal and Maity (2020). At each grid point the DM is computed and 
estimated SM values for the deeper layers of the target stations are DM 
corrected by adding the obtained DM. It is worthwhile to mention that 
these DM-corrected SM values are the final product of the SSMP model. 
The estimated SM represents this final DM-corrected SM and the esti-
mated SM values before DM-correction is mentioned hereafter in the 
manuscript wherever necessary. For discussion, considering as a typical 
example Fig. 4 shows the estimated SM values at 5, 10, 20, 51 and 102 
cm for entire India on December 28, 29, 30 and 31, 2014. The white 
patches in the SM map at 5 cm depths shows the missing values for that 
depth for that particular date. However, it can be noticed that for the 
same day the number of grid cells with missing values shown for deeper 
layers i.e. 10, 20, 51 and 102 cm are more than the surface layers. As 
discussed before, the replacement of the missing values with interpo-
lated values in ESA-CCI surface SM may introduce error in the data to 
be applied in the SSMP model and subsequently in the SM output at 
every layer. Hence, the study uses a threshold for the number of days 
with continuous missing values. It is fixed at 20 days. In other words, 
for a particular day and particular grid point, if the observed satellite- 
based surface SM values are entirely unavailable for previous 20 days, 
the estimated SM at deeper layers for that particular day and grid point 
are discarded. These are not included in the derived product and thus 
not shown in the map. Despite the shortcomings of having missing 
values as a descendant of ESA-CCI SM product, the advantages of the 
developed vertical soil moisture profile data product (EDVSMPD) are 
multifold. Firstly, the multi-decadal length of the time series with high 
spatial and temporal resolutions is very useful for climate change 
studies. However, the studies on small basins may not even suffer from 
the missing values and long-data set will be highly useful for climate 
related studies. Secondly, the efficacy of the ESA-CCI SM product is well 
established by several studies that have validated the ESA-CCI SM 
product against in-situ soil moisture observations by comparing it 
against ground-based observations from various sites around the globe 
(Dorigo et al., 2015; Fang et al., 2016; An et al., 2016; Shen et al., 2016; 
Mao et al., 2017; Dorigo et al., 2017). Moreover, the widespread ap-
plications of the ESA-CCI soil moisture product in different fields, such 
as climate variability and change (Shrivastava et al., 2017; Unnik-
rishnan et al., 2017), land atmosphere interactions (Li et al., 2017; Park 
et al., 2017), global biogeochemical cycles and ecology (He et al., 2017; 
Tang et al., 2017), hydrological and land surface modelling (Asoka 
et al., 2017; Heimhuber et al., 2017), drought applications (Cammalleri 
et al., 2017; Das and Maity, 2015; Yan et al., 2017; McNally et al., 
2017), and hydrometeorological applications (Zhan et al., 2017), to 
improve our earth system understanding are well recognized by the 
climate science community (Dorigo et al., 2017). Hence, these advan-
tages of having the long temporal global coverage and its well align-
ment with the ground observations make the use of ESA-CCI SM 
product highly potential over different products available. Thus, the 
quality and usefulness of the SSMP-model estimated SM at 10, 20, 51 
and 102 cm depths for entire Indian Mainland at 0.25◦ × 0.25◦, named 
as ‘ESA-CCI Driven Vertical Soil Moisture Profile (root zone) Database Ta
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(EDVSMPD)’, is equally beneficial for many studies. This dataset is 
made available in the open repository of Mendeley Data (Pal and Maity, 
2021) (URL: https://data.mendeley.com/datasets/78c9yggmmg/dra 
ft?a=06084c38-4436-4b71-beb3-90944769751e). 

4.2. Validation of vertical SM profile database 

The validation of the obtained product i.e. the three dimensional SM 
database for entire India mainland is carried out with the observed SM 
values provided by the India Meteorological Department (IMD). The 
IMD has provided the in-situ SM information at surface (0–7.5 cm) and 
deeper layers (15, 30, 45 and 60 cm depths) for bare land and crop land 
areas at 48 stations across India at an interval of 7 days. All these data 
sets are procured from National Data Centre (NDC) of IMD, Pune, India. 
Soil moisture values have been measured using standard Gravimetric 
method (IMD, 2009). Hence, validation of the estimated SM at deeper 
layers is done by comparing the observed in situ data and the model 
estimated SM data at the locations of IMD monitoring stations. However, 
in this process two major concerns are-1) the locations of the stations of 
ground observation data do not coincide with the grid points where ESA- 
CCI SM data are available; 2) the depths where in situ SM data are 
measured (0–7.5, 15, 30, 45 and 60 cm) do not match the depths (5, 10, 
20, 51 and 102 cm) for which the SSMP models provide the SM infor-
mation. Thus, validation with the observed data is restricted to the 
limited availability of observed soil moisture data at different depths 
over entire India mainland. To cope with this, the interpolation has been 
performed spatially and depth-wise. The spatial interpolation is inevi-
table in this case since the ESA-CCI SM product is gridded data and is not 
available for point locations. However, the amount of error could be 
controlled during interpolation with the higher spatial resolution of 
gridded input data. Firstly, to obtain the satellite-based data at the IMD 
stations where in situ SM data are measured, the observed ESA-CCI SM 
product at surface is bilinearly interpolated from surrounding four 
corner grid points of the target location. Subsequently, the SSMP model 
is applied to the interpolated surface ESA SM data at target IMD station 
to estimate the soil moisture at 5, 10, 20, 51 and 102 cm depths to obtain 
the vertical soil moisture profile. Since the depths of in situ soil moisture 

measurements at IMD stations are different from the SSMP model esti-
mated depths, for validation along the depth, the SM values at the 
observed IMD depths i.e. at ‘7.5’, ‘15’, ‘30’, ‘45’, and ‘60’ cm are picked 
up from model estimated vertical soil moisture profile. The model esti-
mated SM data at 7.5, 15, 30, 45 and 60 cm are obtained from the 
interpolation of modelled SM values from ‘5 and 10 cm’, ‘10 and 20 cm’, 
‘20 and 51 cm’, ‘20 and 51 cm’ and ‘51 and 102 cm’ respectively. The 
spatial interpolation by this bilinear method and the depth-wise inter-
polation are schematically described in Fig. 5. The study of the valida-
tion was performed at 25 IMD stations from the total of 48 stations all 
over India. The selection of 25 stations among 48 stations for validation 
is based on the availability of ESA-CCI SM product on the surrounding 
four corner grid points of the target stations on the dates of in-situ 
measurements. The distribution of selected 25 stations among 
different four HSGs are- HSG A-4 stations, HSG B – 11 stations, HSG C –4 
stations and HSG D – 6 as shown in Fig. 1. 

Fig. 6 shows the scatter plots of the observed and estimated SM at 
7.5, 15, 30, 45 and 60 cm depths of each HSG. For each HSG, the scatter 
plots are prepared between estimated and observed SM for all days 
available at each station for all four HSGs. The comparison of scatter 
plots of all the depths of all HSGs shows that there is a positive, linear 
association between the observed and estimated SM values. However, 
for HSG B, C and D, the SSMP models tend to over-estimate the SM 
values for all depths. Yet, considering the complexities involved in 
model validation as discussed above, the model estimated SM values can 
be well accepted. The model performances are shown for the two cases i. 
e. estimated SM values before DM correction and the final SM product i. 
e. estimated SM values after DM-correction to show the role of DM 
correction in application of SSMP model. Fig. 7 shows the model per-
formances of all the depths of all HSGs in terms of Correlation Coeffi-
cient (CC), Root Mean Square Error (RMSE), Mean Absolute Error (MAE) 
and Bias. The equations describing the computation of these perfor-
mance metrics are provided in the Appendix. From the model perfor-
mance, it can be observed that the CC values across the four HSGs at 
their observed five depths are moderate to low i.e. in the range of 0.192 
to 0.520 for DM-corrected SM values. It remains almost unaltered if the 
DM-correction is not applied. The model performance enhancement due 

Fig. 4. Vertical SM profile map for entire Indian mainland for Dec 28 to Dec 31, 2014 at 5, 10, 20, 51 and 102 cm depths.  
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Fig. 5. Schematic diagram showing a) Bilinear horizontal interpolation, and b) Depth-wise vertical interpolation.  

Fig. 6. Scatter plots between the observed SM from IMD and the observed ESA-CCI surface SM product with HSG-specific SSMP model estimated data for deeper 
layers for HSG A, B, C and D. Best fit and 45◦ lines are shown in the plots by the red and blue lines respectively. The coefficient of correlation (CC) and coefficient of 
determination (R2) between the observed and modelled SMC are presented for each scatter plots. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.) 
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to this DM-correction is explicitly visible in the error metrics i.e. the 
RMSE, MAE and Bias. The followings are the ranges of RMSE, MAE and 
Bias respectively, across the HSGs and all depths, without applying the 
DM-correction: 0.090–0.190; 0.069–0.178; and 0.017–0.173. The same 
metrics improve after applying the DM-correction, such as: RMSE- 0.095 
to 0.159; MAE – 0.075 to 0.138; and Bias – 0.047 to 0.118. This com-
parison of model performances clearly shows the expected improvement 
of model performances with the DM correction. The acceptable perfor-
mance during validation was also ensured by Pal and Maity, (2020). 
Specifically, for spatial validation, the deviations from observed SM 
values were in the order of ~ 0.04–0.12 (RMSE) across the depths and 
HSGs. This outcome strengthens the applicability of the SSMP model to 
new locations considering the uncertainties and complexities involved. 

5. Overall utility of the developed dataset and a short 
illustration 

It is needless to mention the significant role played by the soil mois-
ture in the land and atmosphere interaction by controlling the segrega-
tion between infiltration and runoff (Famiglietti et al., 1998; Pielke, 
2001; Pal and Maity, 2020). This, in turn, underlines the usefulness of the 
developed database EDVSMPD for different studies across a vast region 
like Indian mainland. Mainly, the EDVSMPD will be directly useful to the 
hydrological, agricultural and climatological studies. In hydrological 
studies, it will be useful for the studies related to the variability of 
evapotranspiration and runoff (Seneviratne et al., 2010), flood or 
drought (Brocca et al., 2012), and forecasting water supply in ground-
water systems (Barnett et al., 2005). In climatological studies, the 
response of soil moisture to evapotranspiration is significant for tem-
perature variability, occurrence and persistence of heatwaves (Miralles 

et al., 2014), and for generation and location of precipitation (Guillod 
et al., 2015). Moreover, the mesoscale atmospheric circulation patterns 
can be induced by the regional gradients in soil moisture condition 
(Taylor et al., 2012). In agricultural studies, the long-term trend of this 
EDVSMPD would be useful for large-scale analysis of agricultural 
drought, cropping pattern, agricultural yield and soil–plant interaction 
(Rodriguez-Iturbe, 2000; Laio et al., 2001; Rodriguez-Iturbe et al., 2001). 

As an illustrative example, the potential use of the EDVSMPD for the 
reconstruction of historical agricultural droughts for a rainfed, drought- 
prone river basin is presented in this section. The Wardha river basin 
upto upper Wardha dam, situated in the central belt of India (WRB), is 
selected as the study area as it is frequently hit by droughts due to va-
garies in rainfall (Maity et al., 2021). The WRB is a part of the Godavari 
river basin with a hilly and forested catchment area of 4326 km2. Vari-
ation of rainfall should be detectible on the long term soil moisture 
memory of the basin as the continued meteorological drought translates 
to agricultural drought. The deficit in soil moisture content would trigger 
the agricultural droughts, which can be assessed more accurately by 
drought indices based on soil moisture content. Hence, in this section, we 
explore the potential use of the EDVSMPD for assessing the agricultural 
drought by computing the Empirical Standardized Soil Moisture (ESSMI) 
index (Carrão et al., 2016) and relate its values to agricultural drought 
intensity for the study basin. The ESSMI is based on the works developed 
previously by Sheffield et al. (2004) and Dutra et al., (2008), who fit Beta 
and Normal Probability Density Function (PDF) to soil moisture values, 
respectively. However, to develop the ESSMI, an empirical PDF (ePDF) is 
fit to the EDVSMPD product with a non-parametric Kernel Density Esti-
mator (KDE) (Silverman, 1986). The nonparametric estimator is selected 
- (1) to avoid the assumption of the existence of representative para-
metric distributions (Farahmand and AghaKouchak, 2015); (2) to shun 

Fig. 7. Comparison of model performance metrics of all four HSGs for the depths 7.5, 15, 30, 45 and 60 cm for the two cases i.e. with estimated SM and with DM- 
corrected estimated SM. 
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the bias problems due to relatively small sample data sets (Sienz et al., 
2012); and (3) to allow for boundary bias correction of statistical data 
distributions supported on finite intervals (Bouezmarni et al., 2011). The 
observed soil moisture at a location is standardized by ESSMI during a 
period of time (e.g. monthly, seasonally, or half-yearly) with respect to 
the soil moisture climatology for the same period of time at that location. 
The ESSMI results correspond to percentiles of the fitted probability 
distribution. The negative values of the ESSMI indicate drier periods than 
normal and positive values correspond to wetter period than normal. The 
categorical classification of droughts based on the different ranges of 
ESSMI values, developed by McKee et al., (1993), is as follows: ESSMI > 2 
indicates ‘Extreme Wet’ condition; 1.5 ≤ ESSMI < 2 indicates ‘Severe 
Wet’; 1 ≤ ESSMI < 1.5 indicates ‘Moderate Wet’; − 1 < ESSMI < 1, in-
dicates ‘near-normal’ condition; − 1.5 < ESSMI ≤ − 1 indicates ‘Moderate 
Dry’; − 2 < ESSMI ≤ − 1.5 indicates ‘Severe Dry’ conditions and ESSMI ≤
− 2 indicates ‘Extreme Dry’ condition. Finally, drought conditions are 
checked for their correspondences with the historical vagaries of rainfall 
over the basin. 

The rainfall anomaly data across the study basin is used for checking 
the correspondence with estimated ESSMI series. Initially, the compu-
tations are carried out with the basin averaged ESSMI and rainfall 
anomaly series for comparison. The basin averaged SM values help to 
avoid issues related to missing values comparatively easily with the help 
of values from adjoining grid cells considering the basin as a whole. It 
may be noted that the presence of missing values is inevitable as a de-
rivative of the source data, i.e. ESA-CCI SM product. Another major 
concern for considering the basin-averaged value is the difference in 
spatial resolutions of rainfall data (ERA-5 with 0.1◦ × 0.1◦) and ESSMI 
values (ESA-CCI SM product with 0.25◦ × 0.25◦). This analysis attempts 
to show the basin averaged temporal variation of rainfall anomaly and 
ESSMI values if they correspond to each other for different temporal 
scales considered. 

However, said above, the necessity to showcase the utility of the 
high-resolution data-set is also realized. Hence, one relatively dry year 
(1991) and one relatively wet year (1998) are considered for illustrating 
the grid-wise variations of ESSMI and rainfall anomaly across the study 
basin at various temporal scales. 

5.1. Data and method for reconstruction of agricultural drought series 

In this section, detailed descriptions for computation of ESSMI series 
(from EDVSMPD), rainfall anomaly along with their spatio-temporal 
variations are presented. 

5.1.1. Computation of ESSMI 
The SM values at the depths 5, 10, 20, 51 and 102 cm are extracted 

from the complete database (EDVSMPD) to compute the basin averaged 
SM series for the entire depth. The basin averaged SM for WRB are ob-
tained for the period of January 1988 to December 2014, since the 
EDVSMP for WRB over the period of 1978 to 1987, consists of missing 
values. Consequently, the ESSMI series is calculated using the values of 
basin averaged total soil moisture values for the time periods of 1 month 
(monthly), 3 months (seasonal) and 6 months (half yearly) over the 
considered period of 1988 to 2014. The step-wise descriptions of 
calculating the ESSMI series are as follows:  

a) An empirical Probability Density Function (ePDF) is fitted to the long- 
term record of total EDVSMPD of the WRB, i.e. xt1, xt2, …, xtn ; this is 
performed for an averaging timescale of t months (where t is typically 
1-, 3-, 6-, or 12-months) collected over n years; the total EDVSMPD 
estimates for WRB is computed for different timescales by averaging 
daily values over the corresponding t months. The values of t are 
considered as 1-, 3- and 6- months over 27 years (1988 to 2014).  

b) The non-exceedance probability of the basin averaged total SM, xt is 
computed related to the respective ePDF that is by estimating the 
cumulative probability, F(xt), of the averaged total SM estimate xt.  

c) The non-exceedance probability is transformed to the standard 
normal variable Z (mean = 0 and variance = 1) and the ESSMI value 
is computed.  

d) Each ePDF (for timescale and grid point) is estimated by using a 
nonparametric KDE (Silverman, 1986). Given independent and 
identically distributed observations,x1, x2, …xn, having a common 
PDF f(x), the general KDE is defined as: 

f̂ h(x) =
1
nh

∑n

i=1
K
(x − xi)

h
(2)  

where, K is kernel function (window) and h is the bandwidth (smoothing 
parameter). The density estimator f̂ h(x)depends on the value of band-
width h and mildly on K. Usually, K is chosen to the Gaussian function 
(mean = 0 and variance = 1) as (Wilks, 2005): 

K(x) =
1̅̅
̅̅̅

2π
√ e− x2

2 (3)  

5.1.2. Rainfall data for correspondence with drought series 
The grid-wise rainfall data set is obtained from 5th generation of 

European Centre for Medium-Range Weather Forecasts (ECMWF) 
reanalysis product (ERA5, URL: https://www.ecmwf.int/en/fore 
casts/datasets/reanalysis-datasets/era5) for the required period of 
1988–2014. The ERA5 provides high resolution estimates for a large 
number of atmospheric, land and oceanic variables at various temporal 
scales, i.e. sub-daily to monthly. Subsequently, the basin averaged 
monthly, seasonal and half-yearly rainfall values are computed as 
similar to the ESSMI time periods and compared to the ESSMI series to 
evaluate its ability to identify the agricultural droughts. 

5.2. Reconstruction of the basin-scale agricultural droughts and its 
correspondence with historical rainfall anomaly series 

To evaluate the spatio-temporal consistency of the ESSMI for drought 
characterization, we used the index to classify the EDVSMPD values into 
dry and wet years in the period between 1988 and 2014 in WRB. The 
ePDF was fitted by using KDE to the time-series (27-year period between 
1988 and 2014) of EDVSMPD for WRB (total SM) for the time periods of 
1 month (monthly), 3 months (seasonal) and 6 months (half-yearly). The 
time-series of monthly, seasonal and half-yearly basin-averaged ESSMI 
values and corresponding rainfall anomaly are presented in Fig. 8. The 
half-yearly ESSMI values appear to indicate a prolonged drought period 
between the years 1991 to 1997 when the basin experienced mostly 
moderate and severe drought intensities with a few aberrations of near 
normal conditions in the years of 1994 to 1996. These are more explicit 
in monthly and seasonal values of ESSMI where for few months and 
seasons during 1994 to 1996, the ESSMI values lie in the near normal 
range of − 1 to 1. For the periods of 2002 to 2009, the ESSMI values 
remain to be <0 indicating a relatively dry condition, although within 
the range of near normal state except for the severe drought in 2005 
once. Our experiments are in line with the monthly, seasonal and half 
yearly variations of the rainfall anomaly over the basin. It is noticeably 
evident that for the identified dry periods i.e. 1991 to 1997 and 2002 to 
2009, the rainfall was lesser than the long term mean rainfall indicated 
by the negative rainfall anomaly for most of the time period. The vari-
ations show that only for the monsoon months the rainfall were slightly 
greater or almost equal to the long term monthly mean rainfall where 
the anomaly values were positive. However, the seasonal and half-yearly 
variations clearly show the lesser amount of rainfall than the long term 
seasonal and half yearly mean for the rest of the time periods. In fact, the 
near normal conditions in the years of 1994 to 1996 can be attributed to 
the fact that the rainfall were higher than long term mean rainfall in the 
preceding years, i.e. 1993 and 1995, respectively which are visible from 
Fig. 8. The negative rainfall anomaly values, i.e. lesser rainfall than the 
long term mean for monthly, seasonal and half-yearly time periods, can 
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justify the next relatively dry spells seen during 2002 to 2009. In 
contrast, the wet conditions due to more rainfall than the long term 
mean (indicated by positive rainfall anomalies) are also distinctly 
identified with higher ESSMI values in the time periods of 1998 to 2000 
and 2010 to 2014, respectively. Thus, it may be concluded that the basin 
averaged ESSMI index can explicitly indicate the dry/wet conditions. 

The above discussion represents the utility of EDVSMPD considering 
the basin-averaged ESSMI series due to the small size of the study basin 
and it helps to show how well the basin-averaged temporal variations of 
rainfall and ESSMI values correspond to each other. However, to portray 
the better utility of the developed fine-resolution database (i.e., 
EDVSMPD) in grid-wise spatial variation, one of the dry and wet events, 

Fig. 8. Basin averaged monthly, seasonal (3 months) and half yearly (6 months) time series of ESSMI and rainfall anomaly during entire study period (January 1988 
to December 2014). 

Fig. 9. Spatial distribution (grid-wise, as available) maps showing monthly, seasonally and half-yearly ESSMI and Rainfall Anomaly during a dry year (1991) and a 
wet year (1998). The white grid cells indicate the missing values. 
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as identified from the basin-averaged comparison assessment, are picked 
out. The spatial variations of ESSMI and rainfall values for different time 
periods throughout the basin is presented in Fig. 9. It illustrates the 
spatial variations (grid-wise, as available) of monthly, seasonally (3 
months) and half-yearly (6 months) ESSMI and rainfall anomaly values 
for a typical dry year (1991, on the left) and a typical wet year (1998, on 
the right). The dry/wet conditions of the basin can be easily visualized 
by the colour tone of the figure where the ‘blue’ and ‘yellow’ sides 
represent the ‘wet’ and ‘dry’ conditions, respectively. In case of 1991, it 
is explicitly noted that the basin averaged ESSMI values for 1 month 
(July), 3 months (July to September), and 6 months (July to December) 
months are − 1.29, − 1.90 and − 1.62, respectively. These values of 
ESSMI represent ‘Moderate and Severe Dry’ conditions throughout the 
basin according to the categorical classification of the ESSMI values. For 
the same time periods the rainfall anomaly values are noted as 0.33, 
− 0.93 and − 0.88, respectively, showing less rainfall than the long term 
average rainfall throughout the basin. On the other hand, in case of 
1998, the spatial variations of ESSMI and rainfall anomaly values for a 
month (January), season (January to March) and 6 months (January to 
June) indicate wetter situations. The basin averaged ESSMI values for 1-, 
3-, and 6- months are 1.87, 1.99 and 1.60, respectively. Such values 
indicate a ‘Severe Wet’ condition throughout the basin. For this case, the 
higher rainfall anomaly values i.e. 1.59, 1.50 and 0.36, for the three 
temporal scale, respectively, indicate above-normal (w.r.t. long term 
average) rainfall throughout the basin. Therefore, the analyses portray 
an evident of association between the grid-wise spatial variations of the 
ESSMI series and rainfall over the basin similar to the observation in case 
of basin averaged values. However, spatial variation of ESSMI is highly 
important and useful in many applications including agriculture. 
Moreover, the above investigation shows that the ESSMI computed by 
SM data set for a small basin with lesser amount of missing values, can 
identify the prolonged periods of drought events as well as the wet 
spells. This ability to characterize the drought/wet events with the 
developed high-resolution database (i.e., EDVSMPD) is extremely useful 
to many other hydrological and climate related studies and agricultural 
applications, which may be considered as the future scope. 

6. Conclusions 

The present study develops a vertical SM profile database, ‘ESA-CCI 
Driven Vertical Soil Moisture Profile (root zone) Database (EDVSMPD)’, 
for entire Indian mainland by assimilating the remotely sensed surface 
data into a stochastic framework. The study applies the HSG-specific 
SSMP model to develop the vertical SM profile database using the sur-
face SM data from Climate Change Initiative (CCI) program of European 
Space Agency (ESA) (ESA-CCI SM product) to obtain SM values at four 
depths i.e. 10, 20, 51 and 102 cm. The EDVSMPD product is available in 

the open repository of Mendeley Data (Pal and Maity, 2021; URL: 
https://data.mendeley.com/datasets/78c9yggmmg/draft?a=06084c3 
8-4436-4b71-beb3-90944769751e). The resulting EDVSMPD is vali-
dated with the observed SM data at 25 monitoring stations maintained 
by IMD. The model performances during validation show the acceptable 
effectiveness of the combination of this satellite surface SM data product 
and the SSMP model. The results also aid to infer that the SSMP models 
perform well for all four HSGs across the depths. 

The study also demonstrated the historical reconstruction of agri-
cultural drought for a rainfed basin, namely Wardha River Basin (WRB) 
using the EDVSMPD product. The ESSMI, which is a soil moisture based 
drought characterizing index, is calculated using the EDVSMPD for the 
WRB. The computed ESSMI for three different time periods i.e. 1-, 3-, and 
6- months, successfully identified the dry and wet periods over the basin 
for a period of 27 years between 1988 and 2014. The results also align 
with the rainfall variations for the same time period and obtained from 
ERA5. The deficit in rainfall (lesser than the long term mean) incurred a 
long dry period over the basin between the period of 1991 to 1997 which 
was distinctly identified by the corresponding ESSMI values. It is further 
shown that the high spatial resolution of the developed database, i.e., 
EDVSMPD, is very important and extremely useful in many applications 
including agriculture, hydrological and climate studies. 

Thus, the data product developed in this study over a large spatial 
extent of entire Indian mainland will be immensely useful for many 
hydroclimatic studies. It is true that the developed product consists of 
missing values which is descendent of ESA-CCI SM product. Still, the 
utility of the EDVSMPD product cannot be denied and will be immensely 
beneficial in many fields of studies, especially for basin scales where 
number of missing values could be less. 
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Appendix. Computation of performance metrics 

The performances of the selected models during the training and testing periods are evaluated by different performance statistics namely Cor-
relation Coefficient (CC), Root Mean Square Error (RMSE), Mean Absolute Error (MAE) and the Bias. 

The CC is a measure of the linear correlation between the observed and modelled variables. It varies between − 1 to 1. It can be expressed by the 
following equation, 

CC =

∑n
i=1

(
SMobs

i − SMobs
)(

SMsim
i − SMsim

)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1

(
SMobs

i − SMobs
)2(

SMsim
i − SMsim

)2
√ (A1)  

where, SMobs
i and SMsim

i are the observed and estimated values respectively. 
The RMSE is expressed in the same units of the input data as following. 
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RMSE =

(
1
n
∑n

i=1
(SMsim

i − SMobs
i )

2

)1
2

(A2) 

The mean Absolute Error (MAE) measures the average magnitude of the errors in a set of predictions, without considering their direction and are 
less sensitive to outliers. The MAE is computed by the following equation, 

MAE =
1
n
∑n

i=1

⃒
⃒SMobs

i − SMsim
i

⃒
⃒ (A3) 

The Bias is computed as the difference between population mean of the estimated SM values and the mean of observed SM values. 
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